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Systems biologyWhole-genome duplications are important for the growth of genome complexity. We investigated various
factors involved in the evolution of yeast whole-genome duplicates (ohnologs) making emphasis on the
analysis of protein interactions. We found that ohnologs have a lower number of protein interactions
compared with small-scale duplicates and singletons (by about −40%). The loss of interactions was
proportional to their initial number and independent of ohnolog position in the protein interaction network.
A faster evolving member of an ohnolog pair has a lower number of interactions compared to its counterpart.
The Gene Ontology mapping of non-overlapping and overlapping interactants of paired ohnologs reveals a
sharp asymmetry in GO terms related to regulation. The fraction of these terms is much higher in non-
overlapping interactants (compared to overlapping interactants and total dataset). Network clustering
coefﬁcient is lower in ohnologs, yet they show an increased density of protein interactions restricted within
the whole ohnologs set. These facts suggest that subfunctionalization (or subneofunctionalization) reﬂected
in the loss of protein interactions was a prevailing process in the divergence of ohnologs, which distinguishes
them from small-scale duplicates. The loss of protein interactions was associated with the regulatory
divergence between the members of an ohnolog pair. A small-scale modularity (reﬂected in clustering
coefﬁcient) probably was not important for ohnologs retention, yet a larger-scale modularity could be
involved in their evolution.
© 2009 Elsevier Inc. All rights reserved.Introduction
Genomic complexity increases in the evolutionmostly bymeans of
duplications of various sizes. This process is accompanied by a reverse
process of gene deletion; many duplicates are lost, whereas the
remaining ones diverge [1–5]. It is supposed that the retention of
duplicates is related to their subfunctionalization (partitioning of
initial function), neofunctionalization (acquiring of a new function),
subneofunctionalization (subfunctionalization followed by neofunc-
tionalization), requirements for a high gene dosage, and buffering of
lethal mutations by additional gene copies [6–12]. The whole-genome
duplication (WGD, or polyploidization) presents a special case
because gene dosage and interactions between gene products remain
in balance. Such duplicated genes are called ‘ohnologs’ after the
author who ﬁrst stressed the role of polyploidization in the evolution
of genomic and organismal complexity [13]. There is great interest
now in the whole-genome duplications because they are found in
most evolutionary lineages [5].
Whole-genome duplications present a fortunate model for the
study of two interconnected processes: duplicate divergence and
retention. Since the moment of duplication is equal for all genes, theirgradov).
ll rights reserved.further fate can be compared uniformly at the same timescale and
evolutionary conditions. On the other hand, such analysis probably
cannot be generalized to all cases of duplicated genes because
ohnologs and small-scale duplicates may differ in their evolutionary
consequences [2,10]. In particular, it is supposed that whole-genome
duplications can facilitate the retention of modularity in cellular
networks because complete network modules are copied in this case
[14]. Modularity is an important property of cellular networks, which
often contrasts them with theoretical duplication-and-divergence
models e.g. [15,16].
To elucidate the speciﬁcity of ohnologs evolution, we analyze the
impact of various factors (number of protein interactions, modularity,
gene dosage, evolutionary rate, and evolutionary age) in the
consequences of a whole-genome duplication, comparing ohnologs
with small-scale duplicates and singletons in the yeast Saccharomyces
cerevisiae. This organism underwent polyploidization about 100 mil-
lion years ago [17]. A special emphasis is made on the analysis of
protein interactions (using a high-conﬁdence protein interaction
dataset where each interaction was validated by at least two different
experimental methods). It was shown that the number of interactions
of a protein could be related to its function [18,19]. Therefore, we
suggest that analysis of protein interactions of ohnologs can give
insight into their functional evolution. Modularity is also determined
using the relative density of protein interactions e.g. [20]. In regard to
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genes using microarray experiments could be problematic because of
a possible probe cross-hybridization for those duplicates that have not
greatly diverged [2]. Furthermore, there can be a difference between
mRNA expression level and protein level [21,22]. Therefore, we
estimated the effect of gene dosage on the ground both of protein
content and codon usage parameters (which are known to correlate in
yeast with gene expression level [23,24]). Besides avoiding the
problemswith probe cross-hybridization, the codon usage parameters
probably better reﬂect an average gene expression level at various cell
cycle stages and environmental conditions [25]. Gene evolutionary
age (at pre-duplication stage) was estimated using the appearance of
orthologous genes in the different branches of life phylogenetic tree.
Results
Degree and global centrality: overall loss of interactions
The number of immediate protein interactions (degree, a local
centrality measure) is substantially lower in ohnologs compared with
small-scale duplicates and singletons (by about −40%; Fig. 1A, B). At
the same time, the global centrality (closeness) that characterizes a
general position of a protein in the protein interaction network, are
only slightly lower in ohnologs than in small-scale duplicates (by
about−3%; Fig. 2A, B). The results were similar with betweenness as a
global centrality measure (not shown). The singletons show the
slightly lower centralities (both local and global) compared to small-
scale duplicates (Figs. 1, 2). There is considerable correlation between
degree and global centralities (Spearman r=0.56, pb10−12 for
closeness, and r=0.71, pb10−12 for betweenness). To remove theFig. 1. Degree (number of immediate protein interactions) in different gene types (see
Materials andmethods). (A) 1— ohnologs, 2—ohno-like small-scale duplicates, 3— small-
scale duplicates, 4 — intermediate genes (mostly small-scale duplicates), 5 — singletons,
6 — high-conﬁdence singletons. (B) 1 — ohnologs, 2 — all small-scale duplicates (with
intermediate genes), 3 — all singletons. (A, B) Kruskal–Wallis, pb10−16.
Fig. 2. Closeness (measure of global centrality in protein interaction network) in different
gene types. (A) 1 — ohnologs, 2 — ohno-like small-scale duplicates, 3 — small-scale
duplicates, 4 — intermediate genes (mostly small-scale duplicates), 5 — singletons, 6 —
high-conﬁdence singletons. (B) 1 — ohnologs, 2 — all small-scale duplicates (with
intermediate genes), 3 — all singletons. (A) Kruskal–Wallis, pb10−7; (B) Kruskal–Wallis,
pb10−8.effect of the general position of a protein in the network, we made
correction for global centralities (see Materials and methods). After
this correction, the difference in degree between small-scale dupli-
cates and singletons disappears, whereas the difference between
ohnologs and other genes remains (Fig. 3A).
The difference in degree between ohnologs and other genes
becomes even more intriguing when we consider the regression of
degree on global centralities. The regression lines for small-scale
duplicates and singletons do not differ. This explains why the
difference in degree between them disappears after correction for
global centralities: singletons have a correlated decrement both of
degree and global centralities along their common with small-scale
duplicates regression line. But for ohnologs the picture is different.
The slope of regression line is similar for ohnologs and other genes,
whereas the intercept is lower (Fig. 4). Thus, the degree of ohnologs is
consistently lower across the whole protein interaction network,
independently of the global position of a protein.
The counterpart members of ohnolog pairs have a substantial
fraction of overlapped protein interactions (0.24±0.04, if only
those ohnolog pairs are considered where both members present
in the interaction dataset). Strikingly, when we added the number
of non-overlapping interactions of each ohnolog to its counterpart
member the difference in average degree between ohnologs and
small-scale duplicates disappeared (Fig. 3B). There is no correlation
between the overlapped fraction and the total degree of an
ohnolog pair (pN0.9).
These facts support the conclusion that a loss of protein
interactants was a predominant process in the divergent evolution
of ohnologs, thus distinguishing them from small-scale duplicates.
Fig. 4. Regression of degree on closeness (the lower line and crosses, ohnologs; the
upper line and squares, other genes). Dotted lines, conﬁdence limits (for p=0.95). (For
difference in slopes, pN0.2, in intercepts, pb10−4).
Fig. 3. Corrected degree in different gene types. (A) Corrected for closeness (using
general linermodel, GLM; seeMaterials andmethods). (B) Interactants of bothmembers
in ohnolog pairs are summarized (i.e. the non-overlapping interactants of each ohnolog
is added to its counterpart member). 1 — ohnologs, 2 — all small-scale duplicates (with
intermediate genes), 3— all singletons. (A) GLM, pb10−8; (B) Kruskal–Wallis, pb10−3,
for difference between gene types 1 and 2, Mann–Whitney, pN0.3.
536 A.E. Vinogradov, O.V. Anatskaya / Genomics 93 (2009) 534–542This loss was proportional to the initial number of interactions
(because the overlapped fraction and the total degree of an ohnolog
pair are not correlated) and independent of an ohnolog position in the
protein network (because degree of ohnologs is consistently lower
compared with other proteins, independently of the global position of
an ohnolog in the protein interaction network; see above).
Pairwise loss of interactions
If the loss of interactants was a predominant process in the
divergent evolution of ohnologs, then a faster evolving member of an
ohnolog pair should have a smaller degree. This suggestion was
conﬁrmed. In the pairs of ohnologs, the ratio of evolutionary rates
correlates negatively with the ratio of degrees (Spearman r=−0.56,
pb0.001), which indicates that a faster evolving member lost its
interactions more rapidly.
Noteworthy, the analysis of this trend could be complicated by a
negative correlation between degree and evolutionary rate [26]
because it would act in the same direction. However, the negative
correlation between degree and evolutionary rate can be a conse-
quence of a more strong negative correlation between protein
abundance and evolutionary rate, and a positive correlation between
protein abundance and degree [27–30]. In accordance with this
suggestion, if ohnologs were taken as separate genes (i.e. not
pairwisely), there was no correlation of degree with either evolu-
tionary rate or protein abundance (pN0.3 for both correlations),
whereas there was a considerable correlation between protein
abundance and evolutionary rate (Spearman r=−0.59, pb10−6). Inother words, the correlation between protein abundance and evolu-
tionary rate is a primary correlation in the whole genome. However, if
the counterpart members of ohnolog pairs were taken pairwisely, the
ratio of their evolutionary rates correlated with the ratio of their
degrees stronger than with the ratio of their protein abundances
(Spearman r=−0.56, pb0.001 vs. r=−0.26, pb0.05, respectively).
These facts suggest that the pairwise correlation between the ratio of
degrees and the ratio of evolutionary rates that arises in the paired
ohnologs is of a different nature than the whole-genome correlation
between degree and evolutionary rate (which may appear as a result
of a primary correlation between protein abundance and evolutionary
rate).
Qualitative functional analysis of interactants
To ﬁnd which functions participate predominantly in the diver-
gence of ohnologs, we determined Gene Ontology terms [31] and
KEGG biochemical pathways [32] that are overrepresented in the non-
overlapping and the overlapping interactants of counterpart members
of ohnolog pairs. To make this analysis stricter, we took for the non-
overlapping interactants only those terms and pathways that were not
overrepresented in the overlapping interactants (or had statistical
signiﬁcance at least two orders higher in the non-overlapping
interactants than in the overlapping interactants). The reasons are
as follows. Conceptually, it is the non-overlapping interactants that are
most interesting in regard to ohnologs divergence. Methodically,
taking into account the conservative nature of a high-conﬁdence
interaction dataset, we suggest that the overlapping interactants are
determined more reliably because non-overlapping can partly be a
result of an incompleteness of the dataset.
In the non-overlapping interactants, the revealed terms belong
almost exclusively to regulation (including transcriptional regula-
tion, chromatin modiﬁcation and post-translational protein mod-
iﬁcation), cell cycle and response to stimuli and stress. Furthermore,
there is a sharp asymmetry in the fraction of overrepresented GO
terms belonging to regulation in the non-overlapping vs. over-
lapping interactants. Thus, the percentage of overrepresented GO
terms containing the word ‘regulation’ is at least six-fold higher in
the non-overlapping interactants than in the overlapping ones
(Table 1). This percentage is also signiﬁcantly higher in the non-
overlapping interactants than in the total dataset, whereas it is
signiﬁcantly lower in the overlapping interactants than in the total
dataset (Table 1). The overrepresented GO Biological Processes
(main terms with N150 genes in the total dataset) and KEGG
pathways are shown in Tables 2,3. (The full lists of overrepresented
GO terms are provided in Supplementary Tables 1–3.)
Table 1
The percentage of Gene Ontology biological processes of different size (the size is deﬁned by the number of genesmapped to a given GO term in the total dataset) containing theword
‘regulation’, which are overrepresented in the non-overlapping and overlapping interactants of counterpart members of ohnolog pairs, and which present in the total dataset.
Number of genes
mapped to a GO term
Percentage of GO terms P for difference of percentages
In non-overlapping
interactants
In overlapping
interactants
In total dataset Non-overlapping vs.
overlapping
Non-overlapping vs.
total dataset
Overlapping vs.
total dataset
N5 18.2 3.2 14.0 0.0003 0.06 0.0015
N10 19.9 3.3 11.5 0.0002 0.0013 0.0006
N50 23.6 1.7 12.6 0.0001 0.0026 0.0032
N100 35.5 0.0 14.4 0.0003 0.0001 0.018
N150 41.9 0.0 13.9 0.0011 0.0000 0.051
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The clustering coefﬁcient, which characterizes the density of
protein interactions in one-step neighborhood, is lower in ohnologs
compared to other genes (Fig. 5A, B). Interestingly, singletons show a
higher clustering coefﬁcient than other genes (Fig. 5A, B).
When we considered a large-scale modularity reﬂected in the
relative density of interactions in different gene subsets, we found that
the fraction of interactions restricted within the ohnologs set is higher
than in control (Table 4). (For control, the random permutations of
interactions were done, with conservation of each node degree.)Table 2
Gene Ontology biological processes overrepresented in the non-overlapping interactants o
dataset).
Term ID Term name
GO:0065007 Biological regulation
GO:0050789 Regulation of biological process
GO:0050794 Regulation of cellular process
GO:0016568 Chromatin modiﬁcation
GO:0006325 Establishment and/or maintenance of
chromatin architecture
GO:0010468 Regulation of gene expression
GO:0051252 Regulation of RNA metabolic process
GO:0031323 Regulation of cellular metabolic process
GO:0006355 Regulation of transcription, DNA-dependent
GO:0019219 Regulation of nucleobase, nucleoside, nucleotide
and nucleic acid metabolic process
GO:0045449 Regulation of transcription
GO:0006351 Transcription, DNA-dependent
GO:0019222 Regulation of metabolic process
GO:0032774 RNA biosynthetic process
GO:0006350 Transcription
GO:0006366 Transcription from RNA polymerase II promoter
GO:0007154 Cell communication
GO:0032502 Developmental process
GO:0000278 Mitotic cell cycle
GO:0007242 Intracellular signaling cascade
GO:0007049 Cell cycle
GO:0051726 Regulation of cell cycle
GO:0051276 Chromosome organization and biogenesis
GO:0042221 Response to chemical stimulus
GO:0065008 Regulation of biological quality
GO:0006357 Regulation of transcription from
RNA polymerase II promoter
GO:0045934 Negative regulation of nucleobase, nucleoside,
nucleotide and nucleic acid metabolic process
GO:0048523 Negative regulation of cellular process
GO:0050896 Response to stimulus
GO:0022402 Cell cycle process
GO:0048519 Negative regulation of biological process
GO:0006796 Phosphate metabolic process
GO:0006793 Phosphorus metabolic process
GO:0022403 Cell cycle phase
GO:0006950 Response to stress
GO:0043687 Post-translational protein modiﬁcation
GO:0022607 Cellular component assembly
GO:0031324 Negative regulation of cellular metabolic process
GO:0009892 Negative regulation of metabolic process
N-sample— the observed number of genesmapped to a term in a sample; Ratio— ratio of the o
false discovery rate (p-value corrected for multiple comparisons).Furthermore, the increment to control is higher in ohnologs than in
any other gene type (Table 4).
Gene dosage
The effectiveness of codon usage (reﬂected in codon usage
indexes) is known to correlate in yeast with gene expression level
[23,24]. Both ohnologs and ‘ohno-like’ small-scale duplicates (i.e.
small-scale duplicates with a similar to ohnologs level of evolutionary
divergence; see Materials and methods) show the higher codon
adaptation index (CAI) and frequency of optimal codons (FOP)f counterpart members of ohnolog pairs (main GO terms with N150 genes in the total
N-sample Ratio q-value
312 1.33 3.3E−10
293 1.38 3.3E−10
291 1.39 3.3E−10
98 1.82 7.9E−10
107 1.76 1.1E−09
196 1.43 1.4E−08
182 1.44 3.5E−08
213 1.37 8.1E−08
174 1.44 9.9E−08
192 1.40 1.2E−07
178 1.42 2.3E−07
188 1.39 2.9E−07
216 1.35 3.8E−07
188 1.39 3.8E−07
193 1.37 9.3E−07
105 1.46 7.4E−05
95 1.49 8.4E−05
98 1.46 1.4E−04
105 1.43 1.8E−04
68 1.58 1.8E−04
167 1.30 2.0E−04
63 1.57 4.2E−04
152 1.30 5.5E−04
78 1.48 5.9E−04
71 1.49 9.9E−04
65 1.50 1.4E−03
61 1.49 2.8E−03
83 1.38 4.1E−03
165 1.23 4.4E−03
130 1.27 4.6E−03
83 1.38 4.6E−03
59 1.41 1.4E−02
59 1.41 1.4E−02
116 1.26 1.4E−02
121 1.24 1.6E−02
115 1.25 1.8E−02
132 1.22 1.9E−02
65 1.34 2.7E−02
65 1.33 3.1E−02
bserved to expected (based on the total dataset) number of genes in a sample; q-value—
Table 3
KEGG biochemical pathways overrepresented in the non-overlapping interactants of
counterpart members of ohnolog pairs.
Term ID Term name N-sample Ratio q-value
KEGG:04010 MAPK signaling pathway 27 2.40 4.2E−06
KEGG:04111 Cell cycle - yeast 46 1.54 3.1E−03
KEGG:03022 Basal transcription factors 14 2.16 1.4E−02
N-sample — the observed number of genes in a term in a sample; Ratio — ratio of the
observed to the expected (based on the total dataset) number of genes in a sample; q-
value — false discovery rate (p-value corrected for multiple comparisons).
Table 4
Fraction of degree restricted within the different gene-type sets.
Gene-type set Fraction of degree
restricted within
a gene-type set
Fraction of degree restricted
within a gene-type set after
permutation (mean for
100 permutations)
Increment
to control
Ohnologs 0.2347 0.1055±0.0022 0.1292
‘Ohno-like’ small-scale
duplicates
0.2310 0.1580±0.0020 0.0730
All small-scale
duplicates
(w/o intermediates)
0.3559 0.2841±0.0017 0.0718
Intermediates 0.2623 0.2229±0.0017 0.0394
All singletons 0.4758 0.3786±0.0014 0.0972
High-conﬁdence
singletons
0.1195 0.0530±0.0024 0.0665
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of these parameters (Fig. 6). The similar picture is observed for codon
bias index (CBI; not shown). It was reported that ohnologs have a
higher FOP compared to a total set of small-scale duplicates [2]. Our
data suggest that this difference may appear because small-scale
duplicates present a heterogeneous group, and in the ohno-like small-
scale duplicates, the protein abundance and the effectiveness of codon
usage are only slightly lower than in ohnologs (Fig. 6).
Consistently with the effectiveness of codon usage, the protein
abundance is higher in ohnologs and ohno-like small-scale duplicates
(compared to other genes), whereas singletons show the lowest
values (Fig. 6).
Evolutionary age
The ancestors of genes that are retained as ohnologs are
generally of a more recent evolutionary origin than ancestors ofFig. 5. Clustering coefﬁcient (which characterizes small-scale modularity of protein
interaction network) in different gene types. (A) 1 — ohnologs, 2 — ohno-like small-
scale duplicates, 3— small-scale duplicates, 4— intermediate genes (mostly small-scale
duplicates), 5 — singletons, 6 — high-conﬁdence singletons. (B) 1 — ohnologs, 2 — all
small-scale duplicates (with intermediate genes), 3 — all singletons. (A, B) Kruskal–
Wallis, pb10−16.small-scale duplicates but more ancient than singletons (Fig. 7A).
Interestingly, genes that we considered as intermediate between
small-scale duplicates and singletons show an intermediate position
(Fig. 7A). There is an intriguing dichotomy in the dependence
between duplication status and evolutionary origin. The ancestors of
small-scale duplicates originated more frequently at the Bacterial
stage, aftermath their fraction in the genome gradually decreases
(Fig. 7B). (For correlation between their ratio of observed gene
number to expected gene number and their evolutionary origin,
Spearman r=−0.94, pb0.05.) In contrast, the fraction of singletons
was the lowest at the Bacterial stage, since then it gradually
increases. (For correlation between their ratio of observed gene
number to expected gene number and their evolutionary origin,
Spearman r=1.00, pb10−4.) A simplest explanation of this
dichotomy is that the more recent genes are singletons because
they did not have enough time to form paralogous families.
Ohnologs show pattern similar to that of small-scale duplicates but
less pronounced. (For correlation between their ratio of observed
gene number to expected gene number and their evolutionary
origin, Spearman r=−0.77, pb0.09.) The average rank of evolu-
tionary origin (which is a reversed evolutionary age) of ohnologs is
slightly lower compared to other genes (2.41±0.10 vs. 2.71±0.05,
Mann–Whitney pb10−5).
It is possible that the intermediate behavior of ohnologs can be
explained by their intrinsic dualism: they also can be divided into
singletons and small-scale duplicates (in the pre-WGD stage). Using
the absence of matched duplicates (besides a counterpart member of
an ohnologs pair) as criterion of an ancestral singleton, we found that
ohnologs consist of singletons and small-scale duplicates in propor-
tion close to 2:3. When separated, the former indeed show the
dependence on evolutionary origin that looks more similar to that of
singletons, whereas the latter, more similar to small-scale duplicates
(Fig. 7C).
Discussion
We found that ohnologs have a substantially lower number of
protein interactions compared with small-scale duplicates and
singletons (by about −40%, i.e. nearly twofold). When the number
of interactions of a counterpart member is added to each ohnolog,
this difference disappears. This suggests that prior to WGD, the
ancestral genes of ohnologs had a number of interactions similar to
other genes. Furthermore, a faster evolving member of an ohnolog
pair has a lower number of interactions compared to its counterpart.
This fact supports the conclusion that a loss of protein interactions
was a predominant process in the divergence of ohnologs. There is no
correlation between the total degree of ohnolog pair and the fraction
of overlapped interactions, which means that the loss of interactions
was proportional to their initial number. The revealed phenomenon
Fig. 6. Protein abundance and effectiveness of codon usage in different gene types (A)
Protein abundance. (B) Codon adaptation index (CAI). (C) Frequency of optimal codons
(FOP). 1 — ohnologs, 2 — ohno-like small-scale duplicates, 3 — small-scale duplicates,
4 — intermediate genes (mostly small-scale duplicates), 5 — singletons, 6 — high-
conﬁdence singletons. (A) Kruskal–Wallis, pb10−12; (B, C) Kruskal–Wallis, pb10−16.
Fig. 7. The average rank of evolutionary origin (which is a reversed evolutionary age) in
different gene types (A) and the distribution of gene types by evolutionary origin (B, C).
(A) 1 — ohnologs, 2 — ohno-like small-scale duplicates, 3 — small-scale duplicates, 4 —
intermediate genes (mostly small-scale duplicates), 5 — singletons, 6 — high-
conﬁdence singletons. Gene types within an evolutionary origin rank from left to
right: in B— small-scale duplicates (without intermediate genes), ohnologs, singletons;
in C— small-scale duplicates (without intermediate genes), ohnologs with small-scale-
duplicate prototype, ohnologs with singleton prototype, singletons. For better
comparison, in B and C the number of genes at stage I is normalized to 100 for all
gene types. Evolutionary origin rank: I — Bacteria, II — Archaea, III — Eukaryota, IV —
Fungi, V — Ascomycota, VI — Saccharomycetes. (A) Kruskal–Wallis, pb10−16; (B, C) for
all gene types, chi-square for difference with expected number, pb10−6 at least.
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degree on global centrality, which is located lower than the
corresponding line of other genes but has the same slope (i.e. the
relative decrement of interactions was independent of the general
position of an ohnolog in the protein network). It is known that the
number of protein interactions can be related to protein function
[18,19]. Therefore, a lower degree of ohnologs compared with other
genes suggests an extensive subfunctionalization (partition of
function) in the divergent evolution of ohnologs, which distinguishes
them from small-scale duplicates. This conclusion is in accordance
with the view that whole-genome and small-scale duplications can
differ in their evolutionary consequences [2,10]. An initial subfunc-tionalization does not exclude a subsequent neofunctionalization, a
so-called ‘subneofunctionalization’ [6].
The Gene Ontology mapping of non-overlapping and overlapping
interactants of paired ohnologs reveals a sharp asymmetry in the GO
terms related to regulation. The fraction of these terms is much higher
in the non-overlapping interactants (compared to the overlapping
interactants and the total dataset). And it is signiﬁcantly lower in the
540 A.E. Vinogradov, O.V. Anatskaya / Genomics 93 (2009) 534–542overlapping interactants than in the total dataset. This suggests that
the loss of protein interactions was accompanied by the regulatory
divergence between the members of ohnolog pairs. The regulatory
divergence, which integrates the work of diverging genes in a living
unit, should be a necessary complement to subfunctionalization
(subneofunctionalization).
Since it was supposed that retaining of modularity might be
involved in the consequences of whole-genome duplications [14], one
can expect that ohnologs have a higher clustering coefﬁcient
compared to other genes. However, clustering coefﬁcient of ohnologs
is lower, which suggests that small-scale modularity was not
important for their retention. This ﬁnding is in accordance with the
view that paralogous gene modules arise rarely, even after whole-
genome duplications [33]. However, we found a higher density of
protein interactions restricted within a whole ohnolog set (compared
to randomized total dataset, singletons and non-ohnolog duplicates).
This fact suggests that a larger-scale modularity can be involved in
ohnologs retention. Interestingly, singletons show a higher clustering
coefﬁcient than other genes, which may be related to their unitary
state (e.g., if they are members of dense modules whose structure
cannot be easily changed).
The requirement for a high gene dosage was supposed to play a
role in retention of duplicates [2,7]. We found that not only the various
indicators of effectiveness of codon usage (which in yeast imply an
active transcription [23,24]), but also the protein abundance are
higher in ohnologs. However, the requirement for a high gene dosage
seem not to be speciﬁc for ohnologs because small-scale duplicates of
a similar with ohnologs level of evolutionary divergence show only
slightly lower levels of codon usage indexes and protein abundance.
Ohnologs are comparably distributed across all ancestral gene-age
groups. Furthermore, ohnologs with a singleton prototype show
dependence on evolutionary age that seems more similar to
singletons, whereas ohnologs with a small-scale duplicate ancestry
behave similarly with small-scale duplicates. These facts suggest that
pre-duplication evolutionary age was not important for ohnologs
retention. (The pre-duplication evolutionary age is rather related to
the pertinence of ohnologs to small-scale duplications.) These facts
also indicate that ohnologs are distributed evenly across cellular
systems, which arose at different evolutionary stages, and thus
present a systemic property.
How can an extensive subfunctionalization of ohnologs be
explained? Whole-genome duplication is a momentary, large-scale
and systemic event. After the WGD, a rapid loss of duplicated genes
begins [3,5]. To be retained, ohnologs should diverge very fast but
preserve a balance among main cellular processes. Such massive,
concurrent genome reorganization may present an excessive require-
ment to the effectiveness of selection. In contrast, small-scale
duplicates are not systemic and can be selected in piecemeal fashion,
changing only local segments of cellular networks. Partition of
function is a simplest type of gene divergence, with minimal
requirements to selection. It was even suggested that subfunctiona-
lization could be a near-neutral process, arising as a consequence of
mutational degeneration of gene regulatory regions [34]. Moreover,
partition of function does not change a balance among cellular
processes. An increment in the large-scale modularity within a whole
ohnologs set may be a trace of the balance among pre-WGD cellular
processes. In subfunctionalization, the total function of an ancestral
gene preserves, it can only be more sophisticatedly regulated.
(Development of a new function and its harmonization with the
work of other genes should require a greater amount of selection.) The
corresponding divergence of regulation, which integrates the work of
subfunctionalized genes, might be the only signature of selection in
this case.
A lower clustering coefﬁcient of ohnologs (which suggests that
they are members of sparser local modules) may be a signature of
neutral processes. It was supposed that many aspects of genomecomplexity in multicellular eukaryotes arose passively as population
size reductions accompanied increases in organism size [35,36], albeit
there were cautions about this proposal [37,38]. It is tempting to
suggest that because of its scale, a whole-genome duplication may
invoke near-neutral processes even in organisms with large popula-
tion sizes.
Materials and methods
Genes
The list of yeast ohnologs (established on the ground of sequence
homology and synteny) was taken from [39]. To classify other genes,
we did all-by-all Smith–Waterman matching of their protein
sequences (using ‘ssearch’ program from the Fasta package with
default Blosum50 matrix [40]). According to recommendation [40],
genes were regarded as singletons if they had no matches with
statistical expectance of randommatch better than 0.01. In a variant of
analysis, genes with no matches with expectance better than 1 were
separated (taking into account the caution in [40]). They were
considered as high-conﬁdence singletons. Genes with matches with
expectance better than 10−8 were considered as high-conﬁdence
small-scale duplicates. The remaining genes with best matches in the
range of 10−2–10−8 were treated as intermediate genes (which are
probably mostly small-scale duplicates, according to [40]). In a variant
of analysis, small-scale duplicates with a similar to ohnologs level of
evolutionary divergence were selected. Ninety percent of ohnolog
pairs have matches of their counterpart members with expectance
better than 10−20 and similarity higher than 0.48 (normalized to
protein length). (The remaining ten percent form a blurred tail.)
Therefore, these values were taken as the corresponding cutoffs. This
subset of small-scale duplicates is referred to as ‘ohno-like’. We made
analyses using both a ﬁnest gene scale that allows obtaining the more
detailed features (6 groups) and a larger gene scale that allows an
easier grasping of a general picture (3 groups). The 6-groups gene
scale included: 1 — ohnologs, 2 — ohno-like small-scale duplicates,
3 — small-scale duplicates (not ohno-like), 4 — intermediate genes
(probably mostly small-scale duplicates), 5 — singletons (without
high-conﬁdence singletons), 6 — high-conﬁdence singletons. The 3-
groups gene scale included: 1 — ohnologs, 2 — all small-scale
duplicates (with intermediate genes), 3 — all singletons. We present
the results with both scales where it seems interesting. Otherwise,
only the results with the ﬁnest (6-group) scale are shown.
Protein interactions and network
A large fraction of false-positives is the main problem of the
protein interaction data obtained by high-throughput experiments
e.g. [29,41]. Therefore, care was taken to maximize the reliability of
data used for network building. A high-conﬁdence dataset of pairwise
protein interactions, where each interaction was validated by at least
two different experimental methods, was taken from [30]. In the
obtained network, the giant component (the greatest connected
component containing a majority of network nodes) was extracted.
There were 2228 nodes (proteins) in the giant component, which
includes 387 ohnologs (including 153 complete ohnolog pairs). We
calculated the following parameters of each node in the giant
component: degree (number of immediate, one-step interactions of
a given node), closeness (reciprocal of the average geodesic distance
between a given node and all other nodes), betweenness (number of
shortest paths between any other nodes crossing a given node), and
clustering coefﬁcient (ratio of the number of existing interactions in
one-step neighborhood of a given node to the maximum possible
number of interactions that could exist in this neighborhood). Degree
is the local centrality (connectivity) measure, closeness and between-
ness are the global centrality measures, whereas clustering coefﬁcient
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was determined using the relative density of interactions in different
gene subsets as in [20].
Qualitative functional analysis
The overrepresented Gene Ontology terms [31] and KEGG
biochemical pathways [32] were determined using the hypergeo-
metric distribution of probability with correction for multiple
comparisons, as described [42]. For each GO term, we collected all
its subcategories using Gene Ontology directed acyclic graphs, and a
gene was regarded as belonging to a given term if it was mapped to
any of its sub-terms in SaccharomycesGenome Database [43] or Entrez
Gene [44]. We did the analysis of overrepresentation for the sets of
overlapping and non-overlapping interactants of counterpart mem-
bers of ohnolog pairs.
Evolutionary rate, protein abundance, and codon usage
The gene evolutionary rates were taken from [23]. They present
the ratios of nonsynonymous to synonymous substitution rates
corrected for selection on silent sites based on comparison of four
species from the genus Saccharomyces. The protein abundances were
taken from [45]. (The data obtained in two growing media were
averaged.) The parameters of effectiveness of codon usage (frequency
of optimal codons, FOP, codon bias index, CBI, and codon adaptation
index, CAI) were calculated using the CodonW program [46].
Evolutionary age
The gene evolutionary age (prior to WGD) was determined as
described [47]. Brieﬂy, we used the COG (KOG) orthologous gene
groups [48,49] as presented in the STRING database with addition of
NOGs [50], and the NCBI phylogenetic tree [51]. The six evolutionary
stages were taken, determined by the following phylogenetic
branching: Bacteria, Archaea, Eukaryota, Fungi, Ascomycota, and
Saccharomycetes. A yeast protein was regarded as appearing at a
corresponding evolutionary stage if it had relatives in the same COG
(KOG, NOG) group in the phylogenetic lineages branched off after this
stage and there were no relatives in the lineages branched off earlier.
General statistics
For analyses not involving protein interactions, all yeast genes
were used. The degree, betweenness, protein abundance, CAI, FOP
and CBI were taken log-transformed, whereas closeness and
clustering coefﬁcient were used non-transformed (because their
distributions are closer to normal in this form). (The constants were
added to betweenness and CBI to ensure positiveness of all values for
log-transformation.) The closeness was used as a preferred global
centrality measure because many nodes have zero betweenness,
whereas closeness changes more smoothly and has a near-normal
distribution. (However, the results were similar for betweenness.)
Correction for global centrality was done using the general linear
model (GLM, which is a generalization of multifactor analysis of
variance, ANOVA), with correction variable being added as contin-
uous covariate in the model. Where appropriate, besides the
parametric tests, the non-parametric (distribution-independent)
tests were performed (Spearman rank correlation, Mann–Whitney
test for difference between two distributions, Kruskal–Wallis rank
analogue of ANOVA for difference among many distributions). In
Figs. 1–3,4–6, 7A, means with LSD intervals (least signiﬁcant
differences) are shown (for p=0.95). In the analysis of distribution
of genes by evolutionary age (Fig. 7), the expected frequencies of
different gene types (used in chi-square test and Spearman
correlation) were calculated on the ground of proportion of agiven gene type in the total dataset. The conventional statistical
analyses were done using Statgraphics (Statistical Graphics Co.) and
Statistica (StatSoft, Inc.) software.
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